The currently recognized principal forms of periodontitischronic and aggressive-lack an unequivocal, pathobiologybased foundation. We explored whether gingival tissue transcriptomes can serve as the basis for an alternative classification of periodontitis. We used cross-sectional wholegenome gene expression data from 241 gingival tissue biopsies obtained from sites with periodontal pathology in 120 systemically healthy nonsmokers with periodontitis, with available data on clinical periodontal status, subgingival microbial profiles, and serum IgG antibodies to periodontal microbiota. Adjusted model-based clustering of transcriptomic data using finite mixtures generated two distinct clusters of patients that did not align with the current classification of chronic and aggressive periodontitis. Differential expression profiles primarily related to cell proliferation in cluster 1 and to lymphocyte activation and unfolded protein responses in cluster 2. Patients in the two clusters did not differ with respect to age but presented with distinct phenotypes (statistically significantly different whole-mouth clinical measures of extent/severity, subgingival microbial burden by several species, and selected serum antibody responses). Patients in cluster 2 showed more extensive/severe disease and were more often male. The findings suggest that distinct gene expression signatures in pathologic gingival tissues translate into phenotypic differences and can provide a basis for a novel classification.
t here are few readily discernible phenotypic differences between the two currently recognized principal forms of periodontitis: chronic (CP) and aggressive (AgP) ("International Workshop for the Classification of Periodontal Diseases and Conditions," 1999) . Early onset of the disease and rapid progression rate that leads to extensive and severe tissue destruction are more frequently associated with AgP than CP, without being pathognomonic for either form. The resulting diagnostic dilemma based on clinically identifiable traits (Armitage and Cullinan, 2010) is further sustained by the presence of common microbiological, immunologic, and histopathologic features of the two entities (Armitage, 2010; Ford et al., 2010; Smith et al., 2010) .
To further explore potential differences in the pathophysiology of the two forms, we recently carried out a "class validation" analysis by studying whole-genome transcriptomic profiles in CP and AgP gingival lesions . Although our data demonstrated differential enrichment in a number of gene ontology pathways, the highly variable performance of the supervised machine learning algorithms used, as well as the need to account for the expression of thousands of genes to effectively distinguish between CP and AgP, further support the notion that the current classification has an imperfect biological foundation.
In this study, we hypothesized that gene expression profiles in gingival tissues obtained from patients with periodontitis can form the basis for an alternative classification of the disease. To address this hypothesis, we employed the same data set as in our previous work in a "class discovery" analytical approach and used clustering, an unsupervised learning method, to identify de novo groups of periodontitis patients with common gene expression features. Subsequently, we examined the periodontitis-related phenotypes of the emerging clusters of patients, with respect to clinical characteristics, subgingival bacterial profiles, and serum IgG antibody levels to periodontal microbiota.
We analyzed gene expression data generated with Affymetrix HG-U133Plus 2.0 microarrays (GEO accession No. GSE16134) from 241 gingival tissue biopsies obtained from sites with periodontal pathology (bleeding on probing, probing pocket depth [PPD] ≥4 mm, and clinical attachment loss ≥3 mm), harvested from systemically healthy patients with periodontitis (n = 65 with CP; n = 55 with AgP), as previously described (Demmer et al., 2008; Kebschull and Papapanou, 2010; Kebschull et al., 2013) . The characteristics of the study sample are described in Appendix Table 1 , and those of the individual tissue biopsies in Appendix Table 2 . Excellent correlation of array expression data and confirmatory quantitative polymerase chain reaction was shown previously (Papapanou et al., 2009) .
Model-based clustering using Finite Mixtures
Quality-controlled, robust multiarray algorithm-normalized data were corrected for batch effects with ComBat (Johnson et al., 2007) and analyzed through unsupervised learning algorithms. At first, an exploratory analysis was performed according to consensus clustering of individual biopsies (see Appendix Materials & Methods) to identify major determinants of cluster assignment. Based on these results (Appendix Results), we proceeded with a finite mixture of regression models with varying and fixed regression coefficients using the flexmix package v. 2.3-1 (Grün and Leisch, 2008) . The PPD of the individual biopsy was modeled as a fixed effect, while the study participant was used as a grouping variable, i.e., cluster membership was assumed to be the same for all observations from the same study participant. A model with k = 2 clusters was fitted based on the evaluation of the goodness of fit, assessed by the Bayesian information criterion (for k ranging from 1 to 10).
Clustering was based on a list of features (i.e., probes) ranked by overall total variance across the data set. To preclude sex chromosome-linked probes from emerging as the principal determinants of the clustering, these probes were excluded from the analysis.
Stability of the clustering was assessed through two approaches. First, we compared the cluster assignments of participants after using varying feature numbers (100 to 53,423; i.e., up to all autosomal probes on the array). Second, after having selected 5000 features for further analyses, we performed 200 iterations of bootstrapping and assessed the percentage of iterations where a participant was assigned to the same cluster as when using the full data set.
Alignment of the identified disease clusters with the current classification scheme was tested by calculating the HubertArabie adjusted Rand index (Hubert and Arabie, 1985) using the mclust (Fraley et al., 2012) package v. 4.2, and visualized using the heatmap.2 function in the gplots package v. 2.11.3 (Warnes et al., 2009) .
Intercluster Gene Expression profiles
The differential expression of probes between the clusters was visualized with heatmap.2 and assessed with limma v. 3.16.8 (Smyth, 2004; Smyth et al., 2005) . In these analyses, the patient was modeled as a random factor to account for the multiple dependent gingival tissue biopsies harvested from each participant. We accounted for multiple comparisons using both false discovery rate (Benjamini and Hochberg, 1995) and Bonferroni corrections.
The functional relevance of the obtained differentially expressed probes was investigated with ermineJ v. 3.0 (Gillis et al., 2010) .
phenotype Analyses
The obtained patient clusters were subsequently examined with respect to clinical, microbiological, and serologic characteristics. Specifically, we compared full-mouth clinical measures of periodontitis, subgingival microbial burden, serum antibodies to periodontal species, and "infection ratios" (Picolos et al., 2005) via unpaired 2-tailed t tests assuming equal variances or Fisher exact tests in R. More detailed information is provided in the Appendix.
rEsults cluster Identification
Exploratory cluster analyses of transcriptomic profiles of the individual biopsies showed that samples with similar PPD tended to cluster together (see Appendix Results, Appendix Figure 2 , Supplemental Table 1, Appendix Table 3 ). Using model-based clustering with correction for the patient as a grouping variable and the pocket depth as a fixed effect, we identified two clusters that were fairly stable with respect to patient allocation over a wide range of feature numbers employed (Appendix Figure 3) . For further analysis, we selected the 5000 most variable probes, resulting in allocation of the 120 patients in two clusters of relatively similar size. Thus, 68 patients (57%) formed cluster 1, and 52 (43%) formed cluster 2 (Appendix Figure 4) . The identified clusters did not align with the current classification of CP and AgP (adjusted Rand index = 0.0143) or their extent-based subdivisions (Table 3) nor with an extentbased grouping irrespective of primary diagnosis (localized vs. generalized periodontitis, adjusted Rand index = 0.0095; Figure  1 ). The identified clusters were highly stable over 200 iterations of bootstrapping, with an average of 98.5% of all cluster assignments being identical (range = 73.5%-100%).
Gene Expression profiles and Functional Groups between clusters
A total of 2,837 probes were differentially expressed between the clusters (false discovery rate < 0.05, log 2 fc > 0.25), with fold changes up to 2.48-fold (Table 1, Supplemental Table 2a , Appendix Figure 5 ).
One hundred seventy-four functional groups were significantly enriched (corrected p < .05) in cluster 1 and 196 groups in cluster 2 (Table 2, Supplemental Table 2b, 2c). These included groups related to cellular metabolism and proliferation (notably proliferation of keratinocytes in cluster 1) and groups with roles in the endoplasmic reticulum stress pathway, lymphocyte proliferation, and immune activation in cluster 2.
Identified clusters Display Distinct phenotypes
The two clusters displayed distinct clinical phenotypes (Table 3) . Patients in both clusters were of similar age (39.6 vs. 40.1; p = .8129), but males were overrepresented in cluster 2 (65.4% vs. 39.7%; p = .0061). Cluster 2 patients showed periodontitis of higher extent and severity than their cluster 1 counterparts, as indicated by statistically significantly higher mean PPD (4.3 vs. 3.8 mm; p = .0004), higher mean clinical attachment loss (4.8 vs. 4.1 mm; p = .0006), and higher mean number of sites with pocket depth ≥5 mm (70.4 vs. 51.3; p = .0002) or clinical attachment loss ≥ 5 mm (71.0 vs. 53.0; p = .0027). In addition, patients in cluster 2 had a higher frequency of sites that bled on probing (75.4 vs. 64.2%; p = .0013), despite comparable levels of plaque (92.6 vs. 89.9%; p = .077).
With respect to bacterial colonization levels, patients in cluster 2 were heavier colonized by most of the assessed "red" and "orange complex" species, though not by Aggregatibacter actinomycetemcomitans. Conversely, colonization level by the health-associated Actinomyces naeslundii was significantly higher in cluster 1.
With respect to serum IgG, patients in cluster 2 showed approximately fivefold higher mean antibody levels to Camphylobacter rectus (585.9 vs. 112.1 µg/mL; p = .0001), higher IgG levels to Treponema denticola and Actinomyces naeslundii, and a tendency for higher IgG levels to P. gingivalis (p = .0557). Last, when the level of responsiveness to periodontal microbiota was assessed via the ratio of antibody titer over the mean level of colonization by the homologous species, cluster 2 patients showed significantly higher "infection ratios" against C. rectus and A. naeslundii.
DIscussIOn
To our knowledge, this is the first attempt to develop an alternative classification of periodontitis based on molecular profiles in periodontitis-affected gingival tissues. We used an unsupervised machine learning approach to mine whole-genome gene expression data from a well-phenotyped cohort of patients with either CP or AgP, and we identified two de novo clusters with high similarity in transcriptional profiles. Importantly, the clusters did not align with the currently accepted periodontitis classification, but their distinct molecular signatures translated into discernible periodontitis-related characteristics: the two groups differed significantly with respect to extent and severity of periodontitis, level of subgingival colonization, and intensity of serum antibody responses to periodontal microbiota. These data suggest that molecular profiling of gingival tissues can indeed form the basis for the development of an alternative, pathobiologybased classification of periodontitis that correlates well with phenotypic features of the disease.
The study of tissue molecular profiles has led to significant insights in disease pathophysiology in several fields of medicine, most notably in oncology, where molecular profile-based classification of tumors showing different treatment response and prognosis has eventually translated into therapeutic decisions in clinical practice (Witt et al., 2011; Sadanandam et al., 2013) . A similar approach in the pathobiology and classification of human periodontitis has not been adopted to this date. It is important to emphasize that to extract sound, biologically meaningful data from transcriptional databases such as the one developed by our group, a clustering algorithm that can appropriately account for the underlying structure of the actual data must be utilized. Our data set originated from 120 patients, most of whom contributed multiple periodontitis-affected gingival tissue samples. Consequently, the whole-genome expression profiles obtained from individual biopsies within the same patient were not independent from each other. Therefore, our clustering analyses could not be based on commonly used algorithms such as hierarchical or k-means clustering, since these techniques do BH, Benjamini-Hochberg; FC, fold change. a Top 50 probe sets overexpressed in periodontitis-affected gingival tissues of cluster 1 vs. cluster 2 patients (false discovery rate < 0.05, absolute fold change ≥ 1.19). A total of 1812 probe sets were significantly differentially expressed at false discovery rate (Benjamini-Hochbergadjusted p value) < .05, and 1574 probe sets met the Bonferroni wide significance threshold (unadjusted p value < 9.15E-07). Note that several probes may map to the same gene. In this table, only the data for the probe with the highest fold change are reported. For the complete list of differentially expressed probes and detailed information on the individual probes, see Supplemental Table 2a . b Top 50 probe sets overexpressed in periodontitis-affected gingival tissues of cluster 2 vs. cluster 1 patients (false discovery rate < 0.05, absolute fold change ≥ 1.19). A total of 1025 probe sets were significantly differentially expressed at false discovery rate (Benjamini-Hochbergadjusted p value) < 0.05, and 936 probe sets met the Bonferroni genome-wide significance threshold (unadjusted p value < 9.15E-07). Note that several probes may map to the same gene. In this table, only the data for the probe with the highest fold change are reported. For the complete of differentially expressed probes and detailed information on the individual probes, see Supplemental Table 2a . associated with the gingival biopsy. Consequently, in a second step, our definitive analyses employed a model-based clustering approach using finite mixtures (Grün and Leisch, 2008) that considered the individual patient as a grouping variable and the PPD of the particular gingival tissue sample as a fixed effect. Mixture models have been shown to outperform other clustering algorithms in recovering the true data set structure (de Souto et al., 2008) . However, the number of features (probes) employed by the clustering algorithm is critically important: use of a low number of features can result in a situation where few genes with strong variability "drive" the cluster formation, irrespective of their relevance from a pathobiological perspective. Conversely, apart from being computationally demanding, use of a large number of features likely results in infusion of considerable random noise that may obscure the formation of clearly distinguishable clusters. In our final analyses, the selection of the number of features used (5,000) was partly informed by findings from our earlier work that identified differentially expressed genes in gingival tissues between states of periodontal health and disease (Demmer et al., 2008) . However, we have also analyzed clustering results based on a range of number of features, to examine consistency in cluster formation. Indeed, as illustrated in Appendix Figure 3 , two fairly robust clusters emerged across a number of employed features, suggesting that our final clustering was rather stable. We based our clustering solely on autosomal genes, as incorporation of X-/Y-linked genes would likely result in sex being a major determinant of patient aggregation into different groups. Of note, use of only two clusters resulted in the best fit based on the Bayesian information criterion, although it is conceivable that in larger data sets more clusters could potentially emerge. Since our primary aim was to identify molecular subtypes of periodontitis, our clustering was exclusively based on transcriptomic information from gingival tissue samples showing signs of pathology. It is conceivable that inclusion of healthy gingival tissues into our computations could have led to a better performance of the clustering algorithm, as it would also reflect expression differences between states of periodontal health and disease. However, given the availability of healthy tissue samples from only 69 of the 120 patients, we opted not to follow this approach. The transcriptomic profiles that distinguished the two clusters are of interest: first, the number of the differentially expressed probes between clusters 1 and 2 was more than 10 times higher than that between AgP and CP lesions in our earlier "class validation" publication . Second, a number of differentially expressed pathways between the two clusters are compatible with the more extensive/severe periodontitis found in cluster 2. Specifically, functional groups related to chemotaxis, proliferation, differentiation, and activation of immune cells-most prominently of B cells-were enriched in cluster 2. These functions are in line with the notion that most periodontal tissue destruction is host-derived and results from the recruitment and activation of immune cells (Hernandez et al., 2011) . Indeed, we identified pathways mediating cytotoxicity to be enriched in this cluster, corroborating prior evidence implicating the activation of natural killer cells and natural killer T cells in periodontal tissue destruction (Chaushu et al., 2012; Kramer et al., 2013; Nowak et al., 2013) . Furthermore, a strong enrichment of endoplasmic reticulum stress groups was observed in cluster 2. Endoplasmic reticulum stress, also known as the unfolded protein response, is a cellular stress response related to the accumulation of misfolded proteins in the endoplasmic reticulum, eventually leading to the activation of apoptotic cascades. Interestingly, several links between this stress response pathway and immune activation by bacterially-induced pathways have been identified (Claudio et al., 2013) . On the other hand, cluster 1 was characterized by enrichment of functions related to cellular maintenance and proliferation, cellular growth, mitosis, or progression of the cell cycle.
Importantly, the two clusters presented with periodontitisrelated phenotypic differences. Patients in cluster 2 had higher extent and severity of periodontitis, were more heavily colonized by traditional periodontal pathogens, and presented with a number of differences with respect to antibody responsiveness to selected microbiota. Despite the fact that we actively removed sex chromosome-linked genes from the feature list used in the clustering process, two-thirds of the patients in cluster 2 were male. This skewed sex distribution between the two clusters is in line with the well-established notion of higher periodontitis severity in males (Eke et al., 2012) .
Several additional steps are obviously necessary toward the development of an alternative, molecular-based classification of periodontitis. First, examining whether incorporation of posttranscriptional elements into the clustering process, such as miRNA expression profiles (Stoecklin-Wasmer et al., 2012) , affects the discrimination between the two clusters will be informative. We also need to develop algorithms based on robust phenotypic surrogates of the transcriptional profiles-for example, by using clinical, microbiological, or immunologic features of periodontitis, which will allow cluster assignment without the need for invasive diagnostic procedures or whole-genome transcriptomic analyses. Ultimately, a tentative alternative periodontitis classification will have to be externally validated in new patient cohorts as well as in longitudinal observational and intervention studies.
